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Abstract
Background: Workers with persistent disabilities after orthopaedic trauma may need occupational rehabilitation. Despite
various risk profiles for non-return-to-work (non-RTW), there is no available predictive model. Moreover, injured workers
may have various origins (immigrant workers), which may either affect their return to work or their eligibility for research
purposes. The aim of this study was to develop and validate a predictive model that estimates the likelihood of non-RTW
after occupational rehabilitation using predictors which do not rely on the worker’s background.
Methods: Prospective cohort study (3177 participants, native (51%) and immigrant workers (49%)) with two samples: a)
Development sample with patients from 2004 to 2007 with Full and Reduced Models, b) External validation of the Reduced
Model with patients from 2008 to March 2010. We collected patients’ data and biopsychosocial complexity with an observer
rated interview (INTERMED). Non-RTW was assessed two years after discharge from the rehabilitation. Discrimination was
assessed by the area under the receiver operating curve (AUC) and calibration was evaluated with a calibration plot. The
model was reduced with random forests.
Results: At 2 years, the non-RTW status was known for 2462 patients (77.5% of the total sample). The prevalence of non-
RTW was 50%. The full model (36 items) and the reduced model (19 items) had acceptable discrimination performance (AUC
0.75, 95% CI 0.72 to 0.78 and 0.74, 95% CI 0.71 to 0.76, respectively) and good calibration. For the validation model, the
discrimination performance was acceptable (AUC 0.73; 95% CI 0.70 to 0.77) and calibration was also adequate.
Conclusions: Non-RTW may be predicted with a simple model constructed with variables independent of the patient’s
education and language fluency. This model is useful for all kinds of trauma in order to adjust for case mix and it is
applicable to vulnerable populations like immigrant workers.
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Introduction
Injuries are a major public health problem that incurs huge
costs [1–5]. Among injuries, non-fatal orthopaedic trauma is a
leading cause of persistent pain, poor quality of life, long
lasting sick-leave and disabilities [2,6,7]. As in chronic low back
pain [8], only a minority of trauma patients have poor outcomes
[3,9]. As there is evidence that work has a positive impact on
health, helping people returning to work is a focal point for public
health [9]. Consequently, screening patients at risk of unsuccessful
return to work (RTW) after orthopaedic trauma is an important
issue.
In 2010, Clay and coll. published a systematic review of
prognostic factors for RTW after acute orthopaedic trauma [10].
Due to the lack of factors included in more than one cohort, the
level of evidence of most predictors was weak. There was strong
evidence only for the level of education and blue collar work and
moderate evidence for self-efficacy, injury severity and receipt of
compensation as prognostic factors for the duration of work
disability [10]. Since this review, some prospective studies
suggested additional potential prognostic factors such as age,
gender, self-employment, work injury, living in a deprived area,
low income, pain intensity, pain attitudes, strong belief in recovery,
health status, physical functioning or the presence of symptoms of
depression [9,11–13]. From these studies, it appears that broad
biopsychosocial knowledge is useful to predict RTW after
orthopaedic trauma.
Nevertheless, prognostic research after orthopaedic trauma has
received limited attention [3,14–16]. All the available models for
screening patients at risk of poor outcomes were built, and are only
useful, for the acute phase after trauma. After the acute phase and
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the usual period of recovery a large proportion of patients may
then be referred to vocational facilities in case of persistent
disabilities [17,18]. However, these patients do not have the same
risk of unsuccessful RTW and to date there is no useful predictive
model for them. Consequently, such a model will help to better
identify patients with different risk profiles and allow to test the
efficiencies of risk adapted interventions in randomized control
trials (RCTs) [19,20].
To date, the vocational literature is mostly focused on factors
predicting RTW for patients with low back pain or various
musculoskeletal disorders [21,22]. Some other recent prospective
studies also examined this issue for trauma patients [23–25]. All
these studies underline that a biopsychosocial approach is needed.
This is most often assessed by the means of self-reported
questionnaires [24,26]. Nevertheless, modelling RTW prediction
based on questionnaires may suffer from selection bias: often, only a
subsample of all eligible patients is used [27] because those with
poor health literacy or language fluency are excluded [27,28]. For
instance exclusion of non-native workers, a growing segment of the
work forces in industrialized countries, may bias a predictive model
[27,29]. It is well known that non-native workers are a vulnerable
population and may be at risk of being exposed to adverse
working conditions [29,30]. Therefore, they may have more
difficulties returning to work. Another reason for the higher risk
of unsuccessful RTW for this group of patients may be different
cultural representations and expectations, which can be a reason
for drop-outs from occupational rehabilitation [31]. An elegant
strategy to overcome this problem and to include all the eligible
patients may be to build a predictive model from a validated
generic tool of biopsychosocial complexity not relying on language
fluency. This is precisely a key feature of the INTERMED tool
[32,33], a well-studied measure of biopsychosocial complexity
[34–37]. Moreover, the INTERMED was recently able to
predict poor outcomes and unsuccessful RTW after rehabilitation
[25,38].
Therefore, the purpose of this study was to develop and validate
a predictive model that estimates the likelihood of unsuccessful
RTW for trauma patients who need occupational rehabilitation.
This model must associate easily available potential predictors,
such as gender, age, education, injury severity and pain, with
biopsychosocial variables not relying on language fluency, assessed
by the INTERMED.
Methods
Study Design
The data come from a prospective, monocentric cohort study,
with a collection of biopsychosocial predictors that were (a)
available at admission to a rehabilitation clinic and (b) assessable
independently from the patient’s language fluency. Return to work
was assessed through a questionnaire sent two years after discharge
from the rehabilitation clinic; in case of non-response, two
reminders were sent.
Ethics Statement
The protocol was approved by the ethical committee of the local
medical association (Commission Cantonale Valaisanne d’Ethique
Me´dicale CCVEM 04107). Patients gave an oral informed consent
and the study was conducted according to the principles expressed
in the ‘‘Declaration of Helsinki’’. Only demographic and usual
clinical data were used and anonymously analysed. In case of
disagreement, patients signed a refusal letter and were excluded.
This consent procedure was approved by the ethics committee.
Setting
This study took place in the Clinique Romande de Re´ad-
aptation (CRR) at Sion (Canton of Wallis) in the French-speaking
part of Switzerland. Patients, mostly blue collar workers, with
orthopaedic trauma of the back, upper or lower limb and multiple
trauma were included in the study between January 1st, 2004 to
December 31st, 2007 for the development sample and between
January 1st, 2008 and April 1st, 2010 for the temporal validation
sample. Patients are referred to the clinic from all of the French-
speaking counties of Switzerland, which includes urban and
industrial city centres like Geneva or mountainous and more rural
regions like Wallis. Switzerland is also a country with an important
proportion of immigrant workers in all sectors of the economy (for
details see www.bfs.admin.ch/bfs/portal/fr/index).
Participants
All patients, hospitalized for a rehabilitation program after an
orthopaedic trauma, were eligible for this study if they had no
severe traumatic brain injury at time of accident (Glasgow coma
Scale #8), had no spinal cord injury, were capable of judgment,
were not under legal custody and were not older than 62 years of
age at the moment of hospitalization (considered as too old to have
a reasonable chance to RTW). Most of the patients were blue
collar workers and were injured after traffic, work or leisure
Table 1. Summary of the domains assessed with the INTERMED.
History Current state Prognoses
Biologic Chronicity Severity of symptoms Complications and life threat
Diagnostic dilemna Diagnostic challenge
Psychologic Restrictions in coping Resistance to treatment Mental health threat
Psychiatric dysfunctioning Psychiatric symptoms
Social Restrictions in integration Residential instability Social vulnerability
Social dysfunctioning Restrictions of network
Health care Intensity of treatment Organization of care Coordination of health care
Treatment experience Appropriateness of referral
(adapted from De Jonge P et al 2003 [51], a full description of domains assessed in the INTERMED is available at: http://www.intermedfoundation.org/).
doi:10.1371/journal.pone.0094268.t001
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accidents. Upper limb injuries constituted 33% of all accidents,
back injuries 18%, pelvic and lower limb injuries 41% and
multiple trauma 8%. Patients were sent to the rehabilitation clinic
when they presented persistent pain and functional limitations
incompatible with RTW (median: 9 months after the accident).
The aim of the therapeutic program was to control the diagnosis
and to take care of patients using an interdisciplinary approach
(somatic, psychological, social and occupational) in order to reduce
Table 2. Characteristics of the development and validation study population overall and by return to work status.
Development sample (n=1395) Validation Sample (n=819)
All
Non-return to work
(704)
Return to
work (691) All
Non return
to work (409)
Return to work
(410)
Variables N (%) N (%) N (%) N (%) N (%) N (%)
Not returned to work at 2 years 704 (50.5) 418 (49.9)
Women 220 (15.8) 107 (15.2) 113 (16.4) 54 (6.6) 28 (6.8) 26 (6.3)
Worked 100% before injury 1197 (85.8) 601 (85.4) 596 (86.3) 697 (85.2) 345 (84.6) 352 (85.8)
Work related injury 659 (47.2) 373 (53) 286 (41.4) 415 (50.7) 224 (54.8) 191 (46.6)
Qualified work before injury 584 (41.9) 221 (31.4) 363 (52.5) 318 (38.8) 114 (27.9) 204 (49.8)
Higher education (.9 years) 695 (49.8) 279 (39.6) 416 (60.2) 399 (48.7) 161 (39.4) 238 (58)
Living alone 462 (33.1) 219 (31.1) 243 (35.2) 257 (31.5) 100 (24.6) 157 (38.4)
Litigation 135 (9.7) 80 (11.4) 55 (8) 85 (10.4) 45 (11.1) 40 (9.8)
Local native language: 640 (45.9) 244 (34.7) 396 (57.3) 452 (55.2) 277 (67.7) 175 (42.7)
Location : Lower limb 559 (40.1) 257 (36.5) 302 (43.7) 344 (42) 171 (41.8) 173 (42.2)
Location : Back 274 (19.6) 143 (20.3) 131 (19) 128 (15.6) 62 (15.2) 66 (16.1)
Location : Upper limb 468 (33.5) 256 (36.4) 212 (30.7) 277 (33.8) 152 (37.2) 125 (30.5)
Location : Multiple Injuries 94 (6.7) 48 (6.8) 46 (6.7) 70 (8.6) 24 (5.9) 46 (11.2)
mean (sd) mean (sd) mean (sd) mean (sd) mean (sd) mean (sd)
Age 43.3 (10.4) 44 (9.9) 42.6 (10.9) 43 (10.7) 44 (9.9) 42.1 (11.3)
Self-perceived quality of life (0–100) 45 (27.9) 40.2 (27.4) 49.9 (27.6) 46.8 (26.7) 41.1 (26) 52.6 (26.1)
Pain (0–100) 54.5 (25.3) 58.9 (24.1) 50 (25.7) 52 (25.1) 57.8 (23.3) 46.2 (25.5)
Severity of Injury, AIS (1–6) 2 (0.8) 2 (0.8) 2 (0.8) 2 (0.9) 1.9 (0.8) 2.1 (0.9)
INTERMED :
Chronicity (0–3) 1.7 (0.8) 1.8 (0.8) 1.6 (0.8) 2 (0.8) 2.1 (0.7) 1.9 (0.9)
Diagnostic dilemma (0–3) 1.5 (0.6) 1.6 (0.6) 1.5 (0.6) 1.6 (0.6) 1.6 (0.6) 1.6 (0.6)
Severity of symptoms (0–3) 2 (0.2) 2 (0.1) 2 (0.2) 2 (0.2) 2 (0.2) 2 (0.3)
Diagnostic challenge (0–3) 1.5 (0.7) 1.5 (0.7) 1.4 (0.7) 1.4 (0.7) 1.5 (0.7) 1.3 (0.7)
Restrictions in coping (0–3) 1.2 (0.9) 1.4 (0.9) 1 (0.9) 1.2 (0.8) 1.4 (0.8) 1.1 (0.8)
Psychiatric dysfunction (0–3) 0.7 (0.8) 0.8 (0.9) 0.6 (0.8) 1 (0.9) 1.1 (0.9) 0.9 (0.9)
Resistance to treatment (0–3) 0.5 (0.6) 0.6 (0.6) 0.4 (0.5) 0.4 (0.6) 0.6 (0.6) 0.3 (0.5)
Psychiatric symptoms (0–3) 1.3 (0.8) 1.5 (0.7) 1.1 (0.8) 1 (0.7) 1.1 (0.7) 0.8 (0.7)
Restrictions in integration (0–3) 1.9 (1) 2.2 (0.9) 1.6 (1) 2 (1) 2.3 (0.9) 1.7 (1)
Social dysfunctioning (0–3) 0.4 (0.6) 0.5 (0.7) 0.3 (0.5) 0.6 (0.7) 0.7 (0.8) 0.4 (0.7)
Residential instability (0–3) 0.1 (0.3) 0.2 (0.4) 0.1 (0.3) 0.1 (0.4) 0.1 (0.4) 0.1 (0.4)
Restrictions of network (0–3) 0.8 (0.7) 0.9 (0.7) 0.7 (0.7) 0.6 (0.7) 0.7 (0.7) 0.4 (0.6)
Intensity of treatment (0–3) 2.1 (0.8) 2.2 (0.7) 2.1 (0.8) 2.2 (0.8) 2.3 (0.8) 2.2 (0.8)
Treatment experience (0–3) 0.4 (0.7) 0.4 (0.7) 0.4 (0.7) 0.4 (0.7) 0.4 (0.7) 0.4 (0.6)
Organization of care (0–3) 1.3 (0.8) 1.5 (0.7) 1.1 (0.8) 1.2 (0.8) 1.4 (0.8) 1.1 (0.8)
Appropriateness of referral (0–3) 0.5 (0.6) 0.6 (0.6) 0.4 (0.6) 0.3 (0.6) 0.4 (0.6) 0.3 (0.5)
Complications and life-threat (0–3) 1.4 (0.5) 1.5 (0.5) 1.3 (0.5) 1.5 (0.6) 1.7 (0.5) 1.4 (0.6)
Mental health threat (0–3) 0.6 (0.6) 0.7 (0.6) 0.5 (0.6) 0.6 (0.6) 0.7 (0.6) 0.4 (0.6)
Social vulnerability (0–3) 0.9 (0.7) 1.1 (0.7) 0.8 (0.7) 1.3 (0.7) 1.4 (0.7) 1.1 (0.8)
Coordination of healthcare (0–3) 0.3 (0.5) 0.4 (0.6) 0.2 (0.4) 0.1 (0.4) 0.2 (0.4) 0.1 (0.4)
For the development sample only patients included with complete data on all variables and for the validation sample only patients with complete data on the variables
from the final model are shown. AIS: Abbreviated Injury Scale.
doi:10.1371/journal.pone.0094268.t002
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pain and disabilities and improve chance of returning to work
(usual or adapted to impairments). The average duration of stay
was 5 weeks.
Sample Size
For assessment of statistical power in studies estimating
predictor effects for binary event outcomes, the number of
participants in the smallest group (i.e. RTW or non-RTW)
determines the effective sample size. The usual rule of thumb is
‘‘10 to 20 events needed per candidate predictor’’ [39]. In our
study, we had 36 potential predictors. The proportion of patients
not returning to work two years after discharge is about 0.5,
therefore it was estimated that we would need 1400 patients,
resulting in about 700 cases. This analysis was embedded in an on-
going cohort study with different research questions. In 2010,
there were 1505 patients with follow-up data available, therefore
we decided at this time-point to develop the model. The
development model had 19 variables and we therefore would
need 380 cases, i.e. 760 patients with follow-up data. In 2012, 819
patients had follow-up data and it was decided to validate the
model.
Identification of Potential Predictors
In order to avoid selection bias during the development of the
prognostic model, the choice of the potential prognostic predictors
was made according to the following principles. Firstly, the
variables should be obtainable independently from the patient’s
language fluency and health literacy [27,28]. Secondly, the
variables should be clearly defined and reproducible to enhance
generalizability, avoiding the use of items that leave room for
different interpretations [20].
The following variables (36 items) were therefore selected
according to the literature: gender [9]; age (treated as a continuous
variable) [13,40]; education (#9 years versus .9 years) [41,42];
employment before injury (yes versus no) [43]; qualified work
(professional certification versus no certification) [25]; marital
status (living in stable partnership versus alone) [44]; litigation in
relation with the accident (yes versus no) [45]; native language
(French versus others) [29,30]; work related injury (yes versus no)
[9]; injury severity according to the Abbreviated Injury Scale
(AIS), (rank 1 to 5; 6 = fatal injury) [9,10,46], trauma localization
(upper limb, lower limb, spine, multiple trauma) [3] and pain
[9,11–13]. Quality of life, which correlates well with self-
perception of disability and feeling of recovery [6,47] was also
assessed. Pain and Quality of Life were assessed with a Visual
Analogue Scale (VAS, scale range 0–100) [48–50]. The 20
INTERMED items (see Table 1) were also all selected as potential
predictors [25,38].
The INTERMED is an observer rated and semi-structured
interview which assess the patients’ biopsychosocial complexity
[32,34,51]. It contains 20 items grouped in 4 domains (biological,
psychological, social, health care system), with each one assessed
over time (past, present, prognosis). Conducted by a trained nurse,
the interview for the INTERMED takes about 20 minutes and has
been used in our daily clinical practice since 2003. Each question
is rated on a 4-point scale from 0 to 3. A total INTERMED score
ranging from 0 to 60 is calculated, whereby a higher score means a
higher biopsychosocial complexity. INTERMED has been com-
pared with a variety of other validated instruments, such as the
Medical Outcomes Study 36-Item Short-Form Health Survey, the
Hospital Anxiety and Depression Scale, the pain VAS, and
numerous others [32,34]. It shows high inter-rater reliability and
agreement [52]. Predictive validity (for example health care needs,
return to work, risk of persistent disability, and need of
psychosocial interventions) was analysed in dozens of studies,
using many different populations and settings, from emergency
room [37] to rehabilitation [25,38], and it also exists in several
languages (English, German, Dutch, French, Italian, Spanish,
Japanese for instance) (for details see: http://www.
intermedfoundation.org/). The INTERMED may be used as a
continuous variable (from 0–60 points), but is also available with a
cut-off score ($ 21 points) [53]. For this research, each item of the
INTERMED was regarded as a potential prognostic predictor. As
this study started in 2004, the 5.1 version (January 2003) was used.
Figure 1. Flow chart of patients through the study.
doi:10.1371/journal.pone.0094268.g001
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Data Collection
For the present analysis, the potential prognostic predictors
were assessed within 3 days after hospitalization. All of these were
prospectively recorded from the INTERMED interviews at
admission and from the patient’s electronic medical chart. In
order to minimize selection bias, all eligible patients were included
in the study. Data was assessed by a study nurse; predictors did not
depend on the mother-tongue spoken and were available for all
patients in the clinic as these predictors were routinely used. To
reduce loss of follow-up, two reminders were sent to the patients.
The rate of non-response was similar to other studies [54,55]. To
reduce the measurement bias, the INTERMED was completed
following the recommendations (for details see: http://www.
intermedfoundation.org/) and other potential predictors were
either administrative data or VAS.
Table 3. Non-return to work: Odds ratios for the univariable, multivariable and the reduced model after random forest selection
process.
Univariable Multivariable
Reduced model after
conditional random forest
Variables Odds Ratio (95% CI) p-value Odds Ratio (95% CI) p-value
Odds Ratio
(95% CI) p-value
Woman 0.89 (0.68 to 1.18) 0.431 1.03 (0.72 to 1.47) 0.873
Age, per 10 years 1.14 (1.03 to 1.26) 0.009 1.18 (1.04 to 1.34) 0.009 1.19 (1.07 to 1.34) 0.005
Living alone 0.83 (0.66 to 1.03) 0.087 1.10 (0.83 to 1.46) 0.502
Higher education 0.45 (0.36 to 0.55) ,0.0001 0.75 (0.55 to 1.02) 0.066 0.79 (0.59 to 1.07) 0.128
Worked 100% before injury 0.93 (0.69 to 1.25) 0.629 0.85 (0.59 to 1.22) 0.371
Qualified work before injury 0.42 (0.34 to 0.52) ,0.0001 0.78 (0.57 to 1.06) 0.113 0.75 (0.56 to 1.01) 0.062
Work related injury 1.57 (1.27 to 1.93) ,0.0001 1.33 (1.03 to 1.74) 0.031 1.18 (0.93 to 1.5) 0.165
Litigation 1.52 (1.07 to 2.17) ,0.0001 1.25 (0.82 to 1.91) 0.29
Local native language 0.40 (0.32 to 0.49) ,0.0001 0.64 (0.48 to 0.86) 0.003 0.67 (0.51 to 0.88) 0.004
Location : Lower Leg and Pelvis 0.75 (0.60 to 0.92) 0.006 0.65 (0.38 to 1.12) 0.122
Location : Back 1.09 (0.84 to 1.41) 0.529 0.86 (0.47 to 1.54) 0.606
Location : Shoulder 1.26 (1.01 to 1.56) 0.042 0.88 (0.5 to 1.56) 0.656
Location : Multiple Injuries 1.09 (0.75 to 1.58) 0.646 1.00 (reference)
Severity of injury, AIS 0.96 (0.84 to 1.09) ,0.0001 1.10 (0.93 to 1.30) 0.284
Pain 0 to 100, per 10 points 1.15 (1.11 to 1.20) ,0.0001 1.05 (1.00 to 1.10) 0.068 1.04 (0.99 to 1.09) 0.114
Self-perceived quality of life 0 to
100, per 10 points
0.88 (0.85 to 0.92) ,0.0001 0.95 (0.91 to 1.00) 0.046 0.95 (0.91 to 1.00) 0.034
Chronicity 1.28 (1.13 to 1.46) ,0.0001 1.06 (0.90 to 1.25 0.506 1.04 (0.88 to 1.21) 0.661
Diagnostic dilemma 1.18 (1.00 to 1.39) 0.051 0.92 (0.74 to 1.13) 0.429
Severity of symptoms 3.19 (1.55 to 6.56) 0.002 2.53 (1.02 to 6.24) 0.045
Diagnostic challenge 1.41 (1.21 to 1.64) ,0.0001 1.12 (0.94 to 1.35) 0.209
Restrictions in coping 1.53 (1.36 to 1.73) ,0.0001 1.16 (0.95 to 1.41) 0.149 1.07 (0.9 to 1.27) 0.449
Psychiatric dysfunction 1.30 (1.15 to 1.47) ,0.0001 0.82 (0.66 to 1.00) 0.054
Resistance to treatment 2.02 (1.66 to 2.45) ,0.0001 1.10 (0.78 to 1.56) 0.58 1.07 (0.84 to 1.38) 0.572
Psychiatric symptoms 1.77 (1.53 to 2.04) ,0.0001 1.00 (0.80 to 1.24) 0.986 1.00 (0.81 to 1.23) 0.980
Restrictions in integration 1.81 (1.62 to 2.02) ,0.0001 1.41 (1.22 to 1.61) ,0.0001 1.42 (1.24 to 1.61) ,0.0001
Social dysfunctioning 1.72 (1.45 to 2.04) ,0.0001 1.17 (0.93 to 1.49) 0.184 1.10 (0.88 to 1.37) 0.426
Residential instability 1.89 (1.38 to 2.58) ,0.0001 1.34 (0.91 to 1.97) 0.135
Restrictions of network 1.73 (1.48 to 2.03) ,0.0001 1.25 (1.01 to 1.53) 0.037 1.26 (1.03 to 1.54) 0.022
Intensity of treatment 1.19 (1.03 to 1.36) 0.015 1.14 (0.96 to 1.36) 0.148
Treatment experience 1.04 (0.90 to 1.21) 0.59 0.94 (0.78 to 1.13) 0.496
Organization of care 1.77 (1.54 to 2.05) ,0.0001 1.21 (1.00 to 1.46 0.05 1.28 (1.07 to 1.54) 0.008
Appropriateness of referral 1.80 (1.50 to 2.15) ,0.0001 0.93 (0.68 to 1.28) 0.671
Complications and life-threat 2.02 (1.65 to 2.47) ,0.0001 1.23 (0.94 to 1.60) 0.133 1.29 (1.00 to 1.66) 0.052
Mental health threat 1.75 (1.48 to 2.06) ,0.0001 0.96 (0.73 to 1.26) 0.764 0.89 (0.69 to 1.13) 0.337
Social vulnerability 1.78 (1.53 to 2.06) ,0.0001 1.16 (0.95 tp 1–41) 0.15 1.19 (0.99 to 1.43) 0.071
Coordination of healthcare 2.01 (1.63 to 2.49) ,0.0001 1.30 (0.99 to 1.7) 0.059 1.23 (0.95 to 1.59) 0.117
Odds Ratios of the different models in the development sample, with corresponding 95% confidence intervals (CI).
doi:10.1371/journal.pone.0094268.t003
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Outcome Measure
RTW was measured by a questionnaire 2 years after discharge.
RTW was defined as return to the same or accommodated job, full
time or part time, over the survey period [24].
Selection of Model Content (Model Derivation)
The model was developed with all consecutive patients staying
in the clinic during the years 2004, 2005, 2006 and 2007.
Candidate predictors included in the first development model are
shown in Table 2.
Variable selection based on random forest. To select the
best subset of predictive variables, we used a random forest
classification model for the prediction of non-return to work, using
the R package ‘‘varSelRF’’ [56,57]. Random Forest is a method
that determines a consensus prediction for each observation by
averaging the results of many individual recursive partitioning tree
models [58,59]. A training set of size N ( = total sample size) is
drawn from the original data using bootstrap with replacement. A
classification tree is computed with this training data. We repeat
that a large number of times (509000) and the final classification is
the one that appears the most frequently.
When the training set is sampled, about one-third of original
observations are left out. These are used to test the classification of
the trees and get an error estimate [60]. We can also get
information about the importance of a given predictor by
comparing this classification accuracy to what we get by randomly
permuting the values of this predictor. Hence a high Mean Decrease
Accuracy indicates high importance of the predictor.
The random forest approach has been shown to provide sets of
predictors with good predictive value and to be robust against
overfitting, which makes them especially useful for the evaluation
of a large number of possible predictors and their potential
interactions as well as their association with the outcome [61].
Because standard random forest method is prone to favour
continuous predictors, we used conditional random forest, as
proposed by Strobl [62].
Because of the little amount of missing values we decided not to
impute the missing values [63].
Model Performance
To evaluate the model performance we presented indices for
discrimination and calibration. For discrimination, we calculated
the area under the receiver operating characteristic (ROC) curve,
as well as sensitivity, specificity, and positive and negative
predictive values. For testing the calibration we used the
Hosmer-Lemeshow test [64] and plotted the observed proportions
of non-return to work against the predicted probabilities for
groups defined by ranges (10%) of predicted risk as well as the
slopes and intercepts [65].
Figure 2. Receiver Operating Characteristic Curves (upper panel) and calibration plots (lower panel). Receiver operating characteristic
curves with areas under the curves (upper panel A–C) and calibration plots (lower panel, D–F). The leftmost column is from the full model in the
development sample, the middle column shows the reduced model in the development sample and the right column shows the temporal external
validation of the reduced model. AUC= area under the curve. N= total number of participants with complete data for the variables in the model.
doi:10.1371/journal.pone.0094268.g002
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Temporal External Validation
For temporal validation, we applied the model to all consecutive
eligible patients included in the years 2008, 2009, and the
beginning of 2010. For this validation, the coefficients and the
intercept predicted in the development sample were used to
predict the probabilities of not returning to work. We presented
ROC-curves, calibration plots and decision curve as well as a table
with sensitivity, specificity, positive and negative predictive values.
Decision Curve Analysis
We plotted decision curves to show the net benefit of classifying
patients based on our models compared to classifying all patients
as not returning to work or classifying all patients as returning to
work [66]. The y-axis denotes the net benefit in the units of true
positives. The x-axis indicates the threshold probability at and
above which one decides that the patients will not return to work.
Construction of the Prediction Score
Firstly, to obtain the most precise estimation of the coefficients,
we recalculated them using both the development and the training
sample for the clinical use. This approach is often chosen because
it makes full use of the data resulting in narrower confidence
intervals and more stable risk scores [67–69]. Secondly, we used
the coefficients from the logistic regression model to build a
prediction score, which provides the predicted probability of not
returning to work even when treated. The formula is: Probability
Risk Score: = 1/[1+ exp(2 scoring function)], where the scoring
function consists of the sum of all products of the coefficients and
the values of the predictors. The formula is implemented into an
excel-sheet, so that clinicians automatically receive the probability
after entering the values of the predictors of a given patient.
All analyses were done with Stata version 13.0 (College Station,
Texas 77845 USA) and with R statistical software version 2.15.3
[70] with the packages PresenceAbsence (version 1.1.9), extended Forest
(version 1.6) and varSelRf (version 0.7–3).
Results
For the development and validation periods, from the years
2004 to 2010, a total of 3177 patients with orthopaedic trauma
have been in the rehabilitation clinic. At 2 years, the non-RTW
status was known for 2462 patients (77.5%).
For the development period 2004 to 2007, 2048 patients were
eligible. Out of these patients, 1505 answered to the two year
follow-up questionnaire (73.5%).
For these analyses, 1466 patients were available. Out of these
1466 patients, 1395 had complete data for the set of predictors
included in the first model. See Figure 1.
For the validation period 2008 to 2010, we had 1129 patients of
which 957 returned the two years follow-up questionnaire (84.8%).
We had a sample size in the validation sample of 917 of whom 819
had a complete dataset. See Figure 1.
Missing values were below 2.5% for all variables.
The baseline characteristics of the development population
(n= 1395) and the validation population (n = 819) are shown in
Table 2. Both samples are similar with only small, clinically non-
relevant differences. For instance, 50.5% did not return to work in
the development sample and 49.9% in the validation sample.
Responders versus Non-responders
In the development sample, patients not responding to the
follow-up were on average 3.4 years younger (40 versus 43.4 years,
p = 0.003), more often living alone (p,0.001) and having higher
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values in the social (p = 0.008) and biological domains of the
INTERMED (p= 0.019).
In the validation sample the only difference between responders
and non-responders was age: patients not responding to the follow-
up questionnaire were 2 years younger (41 versus 43 years,
p = 0.008).
Model Selection
Univariable and multivariable odds ratios for the predictors in
the development sample are shown in Table 3. The random forest
variable selection procedure yielded 19 variables, which were then
used for the final prediction model in the development sample
(shown in the last column in Table 3).
Model Performance
The discrimination of the reduced model after the random
forest variable selection procedure was moderate (AUC 0.74; 95%
CI 0.71 to 0.76) but nearly as good as the full model (AUC 0.75;
95% CI 0.72 to 0.78). In the validation sample, the discrimination
of the reduced model was still sufficient with an AUC of 0.73 (95%
CI 0.70 to 0.77). The calibration was good for the full model as
well as the reduced model in the development and the validation
sample, as indicated by the calibration plots, with p-values for the
Hosmer-Lemeshow test indicating that there was no significant
deviation between the observed from the predicted risk (see lower
panel of Figure 2). The calibration can also be evaluated by the
vertical confidence intervals in the lower panel of Figure 2: for the
prediction of non-return to work, the confidence intervals of the
observed probabilities (vertical black lines) covered the line of ideal
calibration (diagonal grey line in the lower panel of Figure 2).
Predictive Values
The sensitivity, specificity, and positive and negative predictive
values for different cut-off points were similar in the development
and the validation sample (see Table 4).
In these samples, all patients received the traditional healthcare
(usual occupational rehabilitation) which corresponds to using a
cut-off of 1, meaning that everybody is considered as potentially
returning to work. Using the predictive model would allow some
Figure 3. Decision curve analysis. Decision curve analysis of the Full Model (dashed line black line) and Reduced Model (blue solid line) in the
development sample (Panel A) and the Reduced Model in the temporal validation sample (Panel B). The y-Axis represents the net benefit, which is the
probability of true positives minus the probability of false-positives weighted for the threshold probability. With threshold probability (or risk
thresholds) we mean the threshold above which a patient is declared at risk to not return to work at two years. The dashed red curve shows net
benefit of considering all patients as positive (i.e. classified as being not returning to work). The benefit of considering all patients as returning to
work was set as reference (solid grey horizontal line). In the left Panel (A) we see that the net benefits for both models are quite similar. The Full
Modell would show advantages if a threshold would be set between 15% to 82%. The right Panel (B) shows that that the net benefit in the temporal
validation sample is only little lower than in the development sample. Clear benefits are seen from risks thresholds from about 20 to 75%. The net
benefit is calculated as (proportion of true positives) – (proportion of false positives)*pt/(12pt), where pt is the threshold probability.
doi:10.1371/journal.pone.0094268.g003
Table 5. Proportions of true-positives (TP), false-positives (FP), true-negatives (TN) and false-negatives (FN) given by the Reduced
Model in the temporal validation sample, according to threshold of 0.5 (sample with 100 patients).
True work status at 2 years after rehabilitation
Non-RTW RTW
$0.5 risk of non-RTW 36 TP 19 FP 55
,0.5 risk of non-RTW 14 FN 31 TN 45
50 50 100
doi:10.1371/journal.pone.0094268.t005
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patients to be classified as non-RTW and those would receive an
adapted occupational treatment.
The net benefit for patients classified as non-RTW [66] was
quite similar in the validation sample compared to the develop-
ment sample. Net benefit was present for threshold probabilities of
around 20% to 75% (see Figure 3). In Figure 3, the net benefit at a
threshold probability of 50% is 0.16. This corresponds to the
difference between the proportion of true-positives (those correctly
classified as non-RTW) and the proportion of false-positives (those
classified as non-RTW that actually would RTW).
In Table 5 we illustrate with the threshold of 0.5 (our choice of
preference) the proportion of patients correctly or wrongly
classified. Compared to the current situation (i.e. threshold of 1),
by using a threshold of 0.5, in a sample of 100 patients, we
correctly withheld usual occupational rehabilitation from 36
patients (i.e. true positives). This comes at a cost: we falsely
withheld usual occupational rehabilitation from 19 patients (i.e.
false positives). This means that a more comprehensive assessment
is needed using a second step. With this comprehensive
assessment, most of the false positives will be re-allocated to the
usual occupational rehabilitation. In other words, for clinical use,
all candidates to occupational rehabilitation should be screened
with the predictive model at entry, an inexpensive and fast
procedure. Then, candidates who would be above the designated
cut-off point (i.e. putative true positives) should have a compre-
hensive assessment for a few days to recover the false positives.
These patients would be reallocated to the usual occupational
rehabilitation while others (true positives) would benefit from an
adapted occupational approach.
Scoring of the Prediction Model
For clinical use, the scoring sheet and the prediction formula is
available as supporting information: see Reduced Model S1.
Discussion
Based on a prospective cohort of over 2000 patients, we
developed and validated a simple predictive model (19 items) to
estimate the probability of non-return to work after orthopaedic
trauma. This model, which showed acceptable discriminative
ability to assess the likelihood of non-return to work and good
calibration (see Figure 2), can be applied to all patients requiring
occupational rehabilitation independent of their language fluency
and literacy. Consequently, unlike in most studies using question-
naires, this strategy will reduce selection bias observed in earlier
studies [27] i.e. allow the assessment of all eligible patients
including vulnerable patients with different languages and
education backgrounds, like for instance immigrant workers.
This study has several strengths. To date, this is the first model
available for patients suffering of persistent impairments and
disabilities after orthopaedic trauma. The previous models were all
reserved for the acute phase after orthopaedic trauma [3,14–16].
In the acute and sub-acute phase, most of the patients will recover
and those remaining with persistent disabilities will not have a
similar risk profile of non-returning to work [23–25]. Consequent-
ly, our predictive model may improve the decision-making process
if occupational rehabilitation is needed. Further strengths of our
study are the large sample size, the external temporal validation
and the appropriate variable selection based on random forest. For
instance, random forest has clear advantages over stepwise
selection methods [71]. In addition our model is constructed on
the biopsychosocial framework, which adheres to the current
recommendations [40,45]. Furthermore, language fluency was not
a barrier for the participation in this study.
Nevertheless, our study has also some limitations. Firstly, the
potential predictors were selected ten years ago. Hence, our model
may miss newer ‘‘candidates’’- predictors, for instance patient’s
subjective appraisal of injury severity, self-perceived disability,
pain beliefs, and recovery and job expectations. However, the
review of the current literature shows that the chosen predictors in
the present study cover most of those cited in the recent literature
[9,11–13]. For instance, ‘‘living in deprived areas’’, a predictor
found important in the study of Kendrick [9] is close to the ‘‘social
vulnerability’’ concept of the INTERMED. Another limitation to
keep in mind is the fact that we only did a temporal validation and
not a validation in a different setting in regard of the health system,
the culture and the case-mix [63]. However, this disadvantage
may be reduced by the fact that our patients came from many
different areas of Switzerland, with various cultural backgrounds.
Moreover, 50% of our sample consists of immigrant workers. Our
definition of RTW and the time point of its assessment may also be
questionable: firstly, we used a subjective method (questionnaire).
Yet there is no clear consensus on the best way to assess RTW
[72]. The risk exists to over or underestimate the RTW rate
whichever method you use [73]. Nevertheless, self-report indica-
tors are recommended to capture a fuller extent of workers’
experience [74]. In further studies, it would be necessary to define
when and how long people had RTW. Secondly, the 2 years
follow-up may be too long or even too short to evaluate a
successful RTW. Too long because within a time frame of two
years much can happen independently of the patient’s state at
prediction. Too short because in this group of patients vocational
reintegration and the insurance process may take longer. For
instance, data of the Swiss Injury insurances suggest that it takes
up to four years until the closure of the case (for details, see www.
unfallstatistik.ch). In other words, further studies with different
time frames to estimate RTW are also needed. Differences
between non-responders may also bias the prevalence of RTW
(lack of outcome data in 22.5% of our sample). It is hard to
interpret these findings because differences may be influential in
both directions (over or underestimation of the non-RTW rate).
Nevertheless, this prevalence was quite close in both samples
despite different non-responders characteristics. Our model has
only moderate discriminative ability (AUC). However, predictive
models have generally lower performance (AUC between 0.6 to
0.85) compared to diagnostic or explicative models (AUC .0.8)
[19,63]. Finally, our predictive model was developed and validated
in a highly selected population which limits its generalizability.
Further studies are needed with different time off work and access
to occupational rehabilitation facilities.
Comparison with other predictive tools is limited. To our
knowledge, there is no predictive model for a population with
similar characteristics than ours. Predictive models during the
acute phase after orthopaedic trauma are prominently based on
injury severity [3,14–16]. However, the importance of psychoso-
cial factors to predict RTW increases when we move away from
the accident [9,13,40]. The subjective perception of injury severity
may also become more significant [24] than objective severity as
measured by clinical tools. This is confirmed by the present study
in which the severity of the accident was not included in the final
model. When we compare our model with prediction models used
in patients with neck or low back pain, a research domain very
close to ours, we observe that their theoretical constructs follow the
same biopsychosocial framework [75,76]. We notice, however,
that in low back pain the most helpful predictors of persistent
disability are often issued from self-reported questionnaires [77].
In a multicultural context, this approach requires the translation
and cultural adaptation of several questionnaires, which is a costly
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and time consuming process [78]. For this reason, we used another
strategy and our predictive model shows comparable discrimina-
tive abilities than others for neck and low back pain [76,79,80].
The INTERMED, the essential source of our predictive model (12
items in the final model), is already available in several language
(see Method section) and this is a worthwhile advantage. Moreover
the remaining 7 items are all easy to translate into any languages.
Our study has some implications for practice and research.
First, our model provides a short patient’s bedside tool useful to
estimate the likelihood of non-return to work. Considering that a
complete INTERMED interview (20 items) takes no more than 20
minutes [37], we assume that our model can be filled out in a
similar time or even less. Only 12 INTERMED items have been
retained in our model. The other 7 items are 5 basic medical data,
easily accessible from the patient’s chart and 2 VAS evaluated by
the patient. Clear instructions on how investigators should answer
to the different items exist and the predictive formula may be
easily programmed on electronic devices (see supporting informa-
tion, Reduced Model S1). Currently, it has become customary in
industrialized countries to address patients with persistent disabil-
ities to an interdisciplinary occupational rehabilitation program
[17]. Nevertheless, in our setting, this approach is unsuccessful for
50% of the patients (patients do not return to work despite
vocational rehabilitation). Our model may allow a reduction of the
number of unsuccessful usual traditional rehabilitations. The
benefit may be to save money, but most importantly to try
alternative approaches for these patients. In this way, our model
may also allow to define groups of patients with similar risks of
non-RTW profiles. This might help to improve the design of
randomized controlled trials to test alternative interventions for
patients with high risk of non-RTW. However, our model also
needs external validations studies in different settings (case-mix,
insurance environment etc.) and impact studies on clinical practice
[63]. On the other hand, the discriminative ability could probably
be improved by introducing simple questions on patients’ jobs
expectations [23,72,81].
Conclusion
This validated prediction model allows the estimation of the
probability of non-return to work for patients requiring occupa-
tional rehabilitation after orthopaedic trauma. This model, the
Wallis Occupational Rehabilitation RisK (WORRK) model,
presents only 19 items easily assessed in a clinical setting. It has
moderate discriminative ability, adequate calibration, is useful for
all kinds of trauma and is applicable to vulnerable populations like
immigrant workers. This makes this model informative for
physicians and multidisciplinary teams managing such patients
and may facilitate research in this domain by enabling the study of
patients with similar risk profiles.
Supporting Information
Reduced Model S1 The WORRK Model and Probability
Risk Score.
(PDF)
Acknowledgments
The authors want to thank Chantal Ansiaux and her nursing team who
have carried out the INTERMED’s interviews. We are also grateful to
Viviane Dufour and Virginie Crittin for supporting data acquisition. The
authors thank Chantal Plomb-Holmes, MD, for her proof reading.
Author Contributions
Conceived and designed the experiments: FL OD RH. Performed the
experiments: FL OD RH. Analyzed the data: FL OD RH PV CB.
Contributed reagents/materials/analysis tools: FL OD RH PV CB. Wrote
the paper: FL OD RH PV CB.
References
1. Segui-Gomez M, MacKenzie EJ (2003) Measuring the public health impact of
injuries. Epidemiol Rev 25: 3–19.
2. Lyons RA, Kendrick D, Towner EM, Christie N, Macey S, et al. (2011)
Measuring the population burden of injuries–implications for global and
national estimates: a multi-centre prospective UK longitudinal study. PLoS Med
8: e1001140.
3. Gabbe BJ, Harrison JE, Lyons RA, Jolley D (2011) Modelling long term
disability following injury: comparison of three approaches for handling multiple
injuries. PLoS One 6: e25862.
4. Mackenzie EJ, Rivara FP, Jurkovich GJ, Nathens AB, Frey KP, et al. (2007) The
National Study on Costs and Outcomes of Trauma. J Trauma 63: S54–67;
discussion S81–56.
5. MacKenzie EJ, Shapiro S, Siegel JH (1988) The economic impact of traumatic
injuries. One-year treatment-related expenditures. JAMA 260: 3290–3296.
6. Black JA, Herbison GP, Lyons RA, Polinder S, Derrett S (2011) Recovery after
injury: an individual patient data meta-analysis of general health status using the
EQ-5D. J Trauma 71: 1003–1010.
7. MacKenzie EJ, Siegel JH, Shapiro S, Moody M, Smith RT (1988) Functional
recovery and medical costs of trauma: an analysis by type and severity of injury.
J Trauma 28: 281–297.
8. Hazard RG, Haugh LD, Reid S, Preble JB, MacDonald L (1996) Early
prediction of chronic disability after occupational low back injury. Spine (Phila
Pa 1976) 21: 945–951.
9. Kendrick D, Vinogradova Y, Coupland C, Christie N, Lyons RA, et al. (2012)
Getting back to work after injury: the UK Burden of Injury multicentre
longitudinal study. BMC Public Health 12: 584.
10. Clay FJ, Newstead SV, McClure RJ (2010) A systematic review of early
prognostic factors for return to work following acute orthopaedic trauma. Injury
41: 787–803.
11. Clay FJ, Fitzharris M, Kerr E, McClure RJ, Watson WL (2012) The association
of social functioning, social relationships and the receipt of compensation with
time to return to work following unintentional injuries to Victorian workers.
J Occup Rehabil 22: 363–375.
12. Clay FJ, Newstead SV, Watson WL, McClure RJ (2010) Determinants of return
to work following non life threatening acute orthopaedic trauma: a prospective
cohort study. J Rehabil Med 42: 162–169.
13. Toien K, Skogstad L, Ekeberg O, Myhren H, Schou Bredal I (2012) Prevalence
and predictors of return to work in hospitalised trauma patients during the first
year after discharge: a prospective cohort study. Injury 43: 1606–1613.
14. Matsuzaki H, Narisawa H, Miwa H, Toishi S (2009) Predicting functional
recovery and return to work after mutilating hand injuries: usefulness of
Campbell’s Hand Injury Severity Score. J Hand Surg Am 34: 880–885.
15. Urso-Baiarda F, Lyons RA, Laing JH, Brophy S, Wareham K, et al. (2008) A
prospective evaluation of the Modified Hand Injury Severity Score in predicting
return to work. Int J Surg 6: 45–50.
16. MacKenzie EJ, Bosse MJ, Kellam JF, Pollak AN, Webb LX, et al. (2006) Early
predictors of long-term work disability after major limb trauma. J Trauma 61:
688–694.
17. Gobelet C, Luthi F, Al-Khodairy AT, Chamberlain MA (2007) Vocational
rehabilitation: a multidisciplinary intervention. Disabil Rehabil 29: 1405–1410.
18. Chamberlain MA, Fialka Moser V, Schuldt Ekholm K, O’Connor RJ, Herceg
M, et al. (2009) Vocational rehabilitation: an educational review. J Rehabil Med
41: 856–869.
19. Moons KG, Altman DG, Vergouwe Y, Royston P (2009) Prognosis and
prognostic research: application and impact of prognostic models in clinical
practice. BMJ 338: b606.
20. Moons KG, Royston P, Vergouwe Y, Grobbee DE, Altman DG (2009)
Prognosis and prognostic research: what, why, and how? BMJ 338: b375.
21. Hoefsmit N, Houkes I, Nijhuis FJ (2012) Intervention characteristics that
facilitate return to work after sickness absence: a systematic literature review.
J Occup Rehabil 22: 462–477.
22. Lydell M, Baigi A, Marklund B, Mansson J (2005) Predictive factors for work
capacity in patients with musculoskeletal disorders. J Rehabil Med 37: 281–285.
23. Ballabeni P, Burrus C, Luthi F, Gobelet C, Deriaz O (2011) The effect of
recalled previous work environment on return to work after a rehabilitation
program including vocational aspects for trauma patients. J Occup Rehabil 21:
43–53.
24. Iakova M, Ballabeni P, Erhart P, Seichert N, Luthi F, et al. (2012) Self
perceptions as predictors for return to work 2 years after rehabilitation in
orthopedic trauma inpatients. J Occup Rehabil 22: 532–540.
Predicting Non Return to Work after Orthopaedic Trauma
PLOS ONE | www.plosone.org 10 April 2014 | Volume 9 | Issue 4 | e94268
25. Luthi F, Stiefel F, Gobelet C, Rivier G, Deriaz O (2011) Rehabilitation
outcomes for orthopaedic trauma individuals as measured by the INTERMED.
Disabil Rehabil 33: 2544–2552.
26. Vlasveld MC, van der Feltz-Cornelis CM, Bultmann U, Beekman AT, van
Mechelen W, et al. (2012) Predicting return to work in workers with all-cause
sickness absence greater than 4 weeks: a prospective cohort study. J Occup
Rehabil 22: 118–126.
27. Burrus C, Ballabeni P, Deriaz O, Gobelet C, Luthi F (2009) Predictors of
nonresponse in a questionnaire-based outcome study of vocational rehabilitation
patients. Arch Phys Med Rehabil 90: 1499–1505.
28. Kadakia RJ, Tsahakis JM, Issar NM, Archer KR, Jahangir AA, et al. (2012)
Health Literacy in an Orthopaedic Trauma Patient Population: A Cross
Sectional Survey of Patient Comprehension. J Orthop Trauma.
29. McCauley LA (2005) Immigrant workers in the United States: recent trends,
vulnerable populations, and challenges for occupational health. AAOHN J 53:
313–319.
30. Ronda Perez E, Benavides FG, Levecque K, Love JG, Felt E, et al. (2012)
Differences in working conditions and employment arrangements among
migrant and non-migrant workers in Europe. Ethn Health 17: 563–577.
31. Sloots M, Dekker JH, Bartels EA, Geertzen JH, Dekker J (2010) Reasons for
drop-out in rehabilitation treatment of native patients and non-native patients
with chronic low back pain in the Netherlands: a medical file study. Eur J Phys
Rehabil Med 46: 505–510.
32. Huyse FJ, Lyons JS, Stiefel FC, Slaets JP, de Jonge P, et al. (1999)
‘‘INTERMED’’: a method to assess health service needs. I. Development and
reliability. Gen Hosp Psychiatry 21: 39–48.
33. Stiefel FC, de Jonge P, Huyse FJ, Guex P, Slaets JP, et al. (1999)
‘‘INTERMED’’: a method to assess health service needs. II. Results on its
validity and clinical use. Gen Hosp Psychiatry 21: 49–56.
34. Stiefel FC, de Jonge P, Huyse FJ, Slaets JP, Guex P, et al. (1999) INTERMED–
an assessment and classification system for case complexity. Results in patients
with low back pain. Spine (Phila Pa 1976) 24: 378–384; discussion 385.
35. Stiefel FC, Huyse FJ, Sollner W, Slaets JP, Lyons JS, et al. (2006)
Operationalizing integrated care on a clinical level: the INTERMED project.
Med Clin North Am 90: 713–758.
36. de Jonge P, Hoogervorst EL, Huyse FJ, Polman CH (2004) INTERMED: a
measure of biopsychosocial case complexity: one year stability in Multiple
Sclerosis patients. Gen Hosp Psychiatry 26: 147–152.
37. Matzer F, Wisiak UV, Graninger M, Sollner W, Stilling HP, et al. (2012)
Biopsychosocial health care needs at the emergency room: challenge of
complexity. PLoS One 7: e41775.
38. Scerri M, de Goumoens P, Fritsch C, Van Melle G, Stiefel F, et al. (2006) The
INTERMED questionnaire for predicting return to work after a multidisciplin-
ary rehabilitation program for chronic low back pain. Joint Bone Spine 73: 736–
741.
39. Steyerberg EW, Eijkemans MJ, Habbema JD (1999) Stepwise selection in small
data sets: a simulation study of bias in logistic regression analysis. J Clin
Epidemiol 52: 935–942.
40. Clay FJ, Newstead SV, Watson WL, Ozanne-Smith J, McClure RJ (2010) Bio-
psychosocial determinants of time lost from work following non life threatening
acute orthopaedic trauma. BMC Musculoskelet Disord 11: 6.
41. MacKenzie EJ, Shapiro S, Smith RT, Siegel JH, Moody M, et al. (1987) Factors
influencing return to work following hospitalization for traumatic injury.
Am J Public Health 77: 329–334.
42. Ponsford J, Hill B, Karamitsios M, Bahar-Fuchs A (2008) Factors influencing
outcome after orthopedic trauma. J Trauma 64: 1001–1009.
43. Ottosson C, Nyren O, Johansson SE, Ponzer S (2005) Outcome after minor
traffic accidents: a follow-up study of orthopedic patients in an inner-city area
emergency room. J Trauma 58: 553–560.
44. Pransky GS, Verma SK, Okurowski L, Webster B (2006) Length of disability
prognosis in acute occupational low back pain: development and testing of a
practical approach. Spine (Phila Pa 1976) 31: 690–697.
45. Fadyl JK, McPherson KM, Schluter PJ, Turner-Stokes L (2010) Factors
contributing to work-ability for injured workers: literature review and
comparison with available measures. Disabil Rehabil 32: 1173–1183.
46. Committee on Injury Scaling (1998) The Abbreviated Injury Scale (AIS-98). Des
Plaines, IL, USA: Association for the advancement of automotive medicine.
47. King J, Yourman L, Ahalt C, Eng C, Knight SJ, et al. (2012) Quality of life in
late-life disability: ‘‘I don’t feel bitter because I am in a wheelchair’’. J Am
Geriatr Soc 60: 569–576.
48. Von Korff M, Jensen MP, Karoly P (2000) Assessing global pain severity by self-
report in clinical and health services research. Spine (Phila Pa 1976) 25: 3140–
3151.
49. Mannion AF, Balague F, Pellise F, Cedraschi C (2007) Pain measurement in
patients with low back pain. Nat Clin Pract Rheumatol 3: 610–618.
50. Yohannes AM, Dodd M, Morris J, Webb K (2011) Reliability and validity of a
single item measure of quality of life scale for adult patients with cystic fibrosis.
Health Qual Life Outcomes 9: 105.
51. de Jonge P, Latour CH, Huyse FJ (2003) Implementing psychiatric interventions
on a medical ward: effects on patients’ quality of life and length of hospital stay.
Psychosom Med 65: 997–1002.
52. de Jonge P, Latour C, Huyse FJ (2002) Interrater reliability of the INTERMED
in a heterogeneous somatic population. J Psychosom Res 52: 25–27.
53. de Jonge P, Bauer I, Huyse FJ, Latour CH (2003) Medical inpatients at risk of
extended hospital stay and poor discharge health status: detection with
COMPRI and INTERMED. Psychosom Med 65: 534–541.
54. Hepp U, Schnyder U, Hepp-Beg S, Friedrich-Perez J, Stulz N, et al. (2013)
Return to work following unintentional injury: a prospective follow-up study.
BMJ Open 3: e003635.
55. Shi Q, Sinden K, Macdermid JC, Walton D, Grewal R (2014) A systematic
review of prognostic factors for return to work following work-related traumatic
hand injury. J Hand Ther 27: 55–62.
56. Diaz-Uriarte R, Alvarez de Andres S (2006) Gene selection and classification of
microarray data using random forest. BMC Bioinformatics 7: 3.
57. Diaz-Uriarte R (2007) GeneSrF and varSelRF: a web-based tool and R package
for gene selection and classification using random forest. BMC Bioinformatics 8:
328.
58. Gurm HS, Seth M, Kooiman J, Share D (2013) A novel tool for reliable and
accurate prediction of renal complications in patients undergoing percutaneous
coronary intervention. J Am Coll Cardiol 61: 2242–2248.
59. Wolfe F, Michaud K (2009) Predicting depression in rheumatoid arthritis: the
signal importance of pain extent and fatigue, and comorbidity. Arthritis Rheum
61: 667–673.
60. Siroky DS (2009) Navigating random forests and related advances in algorithmic
modeling. Statistics Surveys 3: 147–163.
61. Breiman L (2001) Random forests. Machine learning 45: 5–32.
62. Strobl C, Boulesteix A-L, Zeileis A, Hothorn T (2007) Bias in random forest
variable importance measures: Illustrations, sources and a solution. BMC
Bioinformatics 8: 25.
63. Steyerberg EW, Moons KG, van der Windt DA, Hayden JA, Perel P, et al.
(2013) Prognosis Research Strategy (PROGRESS) 3: prognostic model research.
PLoS Med 10: e1001381.
64. Hosmer Jr DW, Lemeshow S, Sturdivant RX (2013) Applied logistic regression:
Wiley. com.
65. Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, et al. (2010)
Assessing the performance of prediction models: a framework for traditional and
novel measures. Epidemiology 21: 128–138.
66. Vickers AJ, Elkin EB (2006) Decision curve analysis: a novel method for
evaluating prediction models. Med Decis Making 26: 565–574.
67. De Cosmo S, Copetti M, Lamacchia O, Fontana A, Massa M, et al. (2013)
Development and validation of a predicting model of all-cause mortality in
patients with type 2 diabetes. Diabetes Care 36: 2830–2835.
68. Collins GS, Altman DG (2012) Predicting the 10 year risk of cardiovascular
disease in the United Kingdom: independent and external validation of an
updated version of QRISK2. BMJ 344: e4181.
69. Skol AD, Scott LJ, Abecasis GR, Boehnke M (2006) Joint analysis is more
efficient than replication-based analysis for two-stage genome-wide association
studies. Nat Genet 38: 209–213.
70. Team RC (2013) R: A Language and Environment for Statistical Computing.
Vienna, Austria: R Foundation for Statistical Computing.
71. Hastie T, Tibshirani R, Friedman J (2009) The Elements of Statistical Learnin.
New York: Springer.
72. Fadyl J, McPherson K (2008) Return to work after injury: a review of evidence
regarding expectations and injury perceptions, and their influence on outcome.
J Occup Rehabil 18: 362–374.
73. Wasiak R, Young AE, Roessler RT, McPherson KM, van Poppel MN, et al.
(2007) Measuring return to work. J Occup Rehabil 17: 766–781.
74. Young AE, Wasiak R, Gross DP (2013) Recurrence of work-related low back
pain and disability: association between self-report and workers’ compensation
data. Spine (Phila Pa 1976) 38: 2279–2286.
75. Laisne F, Lecomte C, Corbiere M (2012) Biopsychosocial predictors of prognosis
in musculoskeletal disorders: a systematic review of the literature (corrected and
republished) *. Disabil Rehabil 34: 1912–1941.
76. Hilfiker R, Bachmann LM, Heitz CA, Lorenz T, Joronen H, et al. (2007) Value
of predictive instruments to determine persisting restriction of function in
patients with subacute non-specific low back pain. Systematic review. Eur Spine J
16: 1755–1775.
77. Chou R, Shekelle P (2010) Will this patient develop persistent disabling low back
pain? JAMA 303: 1295–1302.
78. Beaton DE, Bombardier C, Guillemin F, Ferraz MB (2000) Guidelines for the
process of cross-cultural adaptation of self-report measures. Spine (Phila Pa
1976) 25: 3186–3191.
79. Schellingerhout JM, Heymans MW, Verhagen AP, Lewis M, de Vet HC, et al.
(2010) Prognosis of patients with nonspecific neck pain: development and
external validation of a prediction rule for persistence of complaints. Spine (Phila
Pa 1976) 35: E827–835.
80. Jensen OK, Stengaard-Pedersen K, Jensen C, Nielsen CV (2013) Prediction
model for unsuccessful return to work after hospital-based intervention in low
back pain patients. BMC Musculoskelet Disord 14: 140.
81. Coutu MF, Baril R, Durand MJ, Cote D, Rouleau A (2007) Representations: an
important key to understanding workers’ coping behaviors during rehabilitation
and the return-to-work process. J Occup Rehabil 17: 522–544.
Predicting Non Return to Work after Orthopaedic Trauma
PLOS ONE | www.plosone.org 11 April 2014 | Volume 9 | Issue 4 | e94268
